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ABSTRACT 

Traffic-signal recognition and anticipation are essential for advanced driver-assistance systems. Due to its 

superior performance in data categorization, deep learning has gained significance in vision-based object 

identification in recent years. When examining the application of deep learning to develop a high-performance 

urban traffic-signal detection system, the input image's colour space, as well as the deep-learning network 

model are examined as part of the system's primary components. Using distinct network models based on the 

Faster R-CNN algorithm and colour spaces in simulations helps the RGB (red, green and blue) colour space 

and the Faster R-CNN model detects the method of network target. A series of fundamental convolutional 

networks is used depending on pooling layers to extract the features of maps of images for training datasets, 

where the data may be used to develop a system for traffic-signal detection and create a new traffic signal that 

requires image recognition. 

KEYWORDS:  Bounding boxes, Faster R-CNN, Modelled environments, Simulation, Traffic-signal 

detecting system. 

 

INTRODUCTION 

During the past decades, traffic congestion has 

become a pressing issue in urban areas, resulting in 

delays, increasing travel time and negatively affecting 

the environment, urging researchers to explore 

Reinforcement Learning (RL) techniques to optimize 

traffic-signal control in which RL algorithms learn 

optimal actions through trial and error. This process 

allows making informed decisions based on real-time 

traffic conditions to minimize congestion and improve 

traffic flow (Sutton & Barto, 2018). Enhancing traffic-

data collection helps integrate computer-vision 

algorithms, like Faster R-CNN that excels in detecting 

objects and identifying and tracking both vehicles and 

pedestrians through traffic cameras or sensors. As such, 

leveraging colour spaces, like RGB or HSV, facilitates 

distinguishing objects and estimating their positions, as 

well as controlling traffic signals. By integrating the 

Faster R-CNN algorithm and colour spaces, traffic-

signal control systems can make informed decisions 

regarding signal timings in real time (Ren et al., 2017). 

IoT platforms not only promote RL-based traffic-signal 

control by integrating with Artificial Intelligence (AI), 

but also further facilitate seamless data exchange 

between traffic cameras, sensors and RL algorithms, 

enabling real-time data collection and analysis 

(Gonzalez et al., 2020). The adaptive approach can 

potentially improve traffic flow, reduce congestion and 

enhance overall transportation efficiency in urban 

networks (Mandke et al., 2021). 

Given that traffic congestion is a global issue arising 

from urbanization and population growth, this requires 

alternative solutions to alleviate congestion, such as 

promoting public transit (Afrin and Yodo, 2020). In 

Jordan, despite developing infrastructure, traffic 

congestion remains a challenge, affecting daily 

commutes and appointments (Zhao et al., 2020). This 

research aims to explore the anticipated causes of traffic 

congestion in Jordan and propose AI and deep-learning 

solutions to address the issue by analyzing traffic 

patterns in Jordan and providing guiding principles for 

implementing AI-based solutions to deal with traffic 

problems in the country. 
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Objectives 

1. Developing an RL-based traffic-signal control 

system using Faster R-CNN and color spaces for 

real-time traffic data and enhanced object detection. 

2. Implementing RL techniques to optimize signal 

timings in real-time, reducing congestion and 

improving traffic flow. 

3. Integrating AI to analyze traffic data, identify 

patterns and make intelligent decisions for signal 

timings. 

4. Utilizing IoT platforms for seamless connectivity 

and data sharing between cameras, sensors and the 

RL-based control system. 

5. Evaluating system performance in reducing 

congestion, minimizing delays and improving 

overall traffic flow. 

 

LITERATURE REVIEW 

 

Urban Traffic-signal Control 

Traffic congestion is a major challenge faced by 

countries worldwide, with studies showing that traffic 

lights disrupt 12-55% of traffic in some cities. Ad hoc 

signal decisions have been suggested as potential 

solutions to reduce time loss caused by congestion. In 

Jordan, traffic congestion is dense, especially during 

peak hours, affecting transportation and logistics in 

significant cities like Amman and increasing stress for 

drivers and passengers, resulting in risky driving 

behaviours and a higher risk of accidents. In this regard, 

comprehensive analyses have been conducted to address 

such issues and identify key factors contributing to 

congestion and accidents in the city, aiming to find 

potential solutions. These analyses involved curated 

datasets comprising information from various sources, 

including transportation authorities, traffic-management 

systems and accident records (Woschank et al., 2020; 

Zhao et al., 2019; Mandke et al., 2021). Effective traffic-

signal control strategies are crucial to alleviate 

congestion and enhance transportation efficiency in 

urban areas like Jordan, where a comprehensive dataset 

was compiled by incorporating data from these various 

sources, enabling a more thorough analysis of 

transportation patterns and accident occurrences for this 

study. Al-Omari and Ta'amneh (2007) investigated the 

accuracy of the HCS and SIDRA software for estimating 

the traffic delay at signalized intersections in the country 

and provided crucial insights into traffic management 

and urban planning. On the other hand, Alomari et al. 

(2020) focused on validating trip travel time estimates 

that the smartphone navigation applications offer in 

Jordan. This study further aimed to assess the reliability 

of these apps under Jordanian road conditions by 

offering potential benefits for travel planning and 

congestion management. 

Depending on advanced AI technologies, a rigorous 

dataset analysis identified correlations and patterns 

related to traffic congestion and vehicular accidents in 

Amman, in which driver behaviour, stress, weather 

conditions and road infrastructure were found to be 

significant contributors. These insights can be utilized to 

implement effective traffic-management strategies and 

targeted policies, such as optimizing traffic-signal 

timings with real-time sensor data and AI-based 

decision-making, which can alleviate congestion and 

reduce accidents at intersections (Aldeek and Mistarihi, 

2020; Payrovnaziri et al., 2020). Promoting public 

transportation through digitization and AI-based trip 

planning can also alleviate road traffic pressure. Google, 

for instance, is actively working on an AI-based project 

to enhance traffic signals, reduce pollution, minimize 

the need to stop at intersections and enhance efficiency 

and safety, as shown in Figure 1. Transportation 

authorities can create a more efficient and sustainable 

urban transportation system by leveraging AI insights 

that are predictable to air traffic control to improve 

safety and performance (Google, 2023). 

 

 

Figure (1): Global road network using AI and deep-

learning technologies (Yap and Cats, 2021) 

 

A substantial number of new automobiles are added 

to the worldwide road network each year, which 

contributes to traffic congestion. Figure 2 shows how AI 

and deep learning may play a significant role in traffic 

control by collecting and analyzing data from multiple 

sources. According to Goral Ski and Tan (2020), their 
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comprehension improves traffic flow. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (2): Global road network through using AI and deep-learning technologies 

(Goralski and Tan, 2020) 

 

AI-based Intelligent Traffic Management Systems 

(ITMSs) have the potential to revolutionize traffic 

management by automating and speeding up processes 

that make cameras at traffic junctions detect and report 

offenders in real-time to a Central Command Center, 

allowing for swift response and enforcement. The 

optimization of traffic-flow system, the reduction of 

congestion and the construction of dynamic emergency 

and government routes are due to the benefits of AI-

driven traffic analysis. Besides, such analysis leads to 

more efficient judgments to alleviate congestion, 

evaluates traffic in multiple lanes to improve flow, 

provides real-time information for drivers and road 

authorities and uses AI algorithms to optimize vehicle 

choices and reduce fuel consumption, as shown in 

Figure 3 and Figure 4 (Mandke et al., 2021; Payrovnaziri 

et al., 2020). Integrating AI and ITMS can lead to a more 

pleasurable, convenient and secure passenger-travel 

experience while aiding law-enforcement efforts. 

 

 

 

Figure (3): Traffic-monitoring camera 

(Aldeek and Mistarihi, 2020) 

 

Figure (4): Using ML algorithms helps AI identify 

the least-efficient cars, analyze their direction and 

speed and modify traffic signals 

(Aldeek and Mistarihi, 2020) 

 

Faster R-CNN Algorithm 

Reinforcement learning (RL) has gained significant 

attention in the field of traffic-signal control, offering 

the potential to optimize traffic flow and reduce 

congestion in urban networks. According to Prasad et al. 

(2020), utilizing RL algorithms and techniques helps 
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traffic-signal controllers adapt, enhancing traffic system 

performance, in which they present a deep RL approach 

for traffic-signal control. The paper, in addition, 

explores the use of Q-learning and Deep Q-Networks 

(DQN) to optimize signal timings, demonstrating the 

effectiveness of RL in reducing delays and improving 

traffic flow (Ioannou et al., 2019). 

A comprehensive overview is provided of RL 

techniques applied to traffic-signal control and discuss 

various RL algorithms, reward functions and state 

representations, along with challenges and potential 

solutions in implementing RL-based traffic-signal 

control systems (Machidori & Ishii, 2019). This study 

proposes an adaptive traffic-signal control approach that 

combines RL with traffic guidance, where it considers 

the effects of external traffic-guidance information to 

improve RL-based signal control and demonstrates its 

effectiveness through simulations (Machidori & Ishii, 

2019). It further presents a novel RL approach that 

combines spatio-temporal graph convolutional networks 

with RL for traffic-signal control, which leverages the 

spatial and temporal dependencies in traffic data to 

optimize signal timings and achieve better traffic flow. 

The study proposes an RL-based approach for multi-

intersection traffic-signal control with vehicle-to-

intersection communication by utilizing RL to optimize 

signal timings and incorporating vehicle-to-

infrastructure communication to enhance traffic 

coordination and improve system performance. 

 

Colour Spaces in Traffic-signal Control 

Color-space representation plays a crucial role in 

various computer vision tasks, including traffic-signal 

control, through which different color spaces provide 

different properties and characteristics that can be 

leveraged to enhance object detection, segmentation and 

recognition in traffic scenes. Understanding and 

utilizing appropriate color spaces can significantly 

improve the accuracy and effectiveness of traffic-signal 

control systems. The study mentioned below provides 

an overview of various color spaces commonly used in 

image-processing tasks and discusses popular color 

spaces, such as RGB, HSV, YUV and LAB, along with 

their advantages, applications and considerations in 

traffic-signal control (Hefnawy et al., 2018). Besides, it 

explores the effectiveness of different color spaces, 

including RGB, HSV and YUV, for traffic-light 

detection and recognition in complex traffic scenes and 

proposes a traffic-light recognition approach that 

utilizes color space transformation and neural networks. 

The color space transformations impact traffic-sign 

recognition by comparing the performance of RGB, 

HSV and YCbCr color spaces and highlighting their 

effectiveness in improving the accuracy and robustness 

of traffic-sign detection and classification. Another 

study evaluates different color spaces, including RGB, 

HSV, YUV and CIELab, for vehicle detection in traffic 

scenes and analyzes the performance of each color space 

in terms of accuracy, robustness and computational 

efficiency, which provides insights into traffic-signal 

control systems (Guo et al., 2021). The study proposes a 

traffic-signal control approach that combines color 

space information with deep reinforcement learning by 

investigating the use of color features, including hue, 

saturation and value, in traffic-signal control algorithms 

to improve the accuracy and reliability of traffic-state 

estimation. It explores the effectiveness of different 

color spaces, such as RGB, HSV and YCbCr, in 

improving the detection and recognition performance of 

traffic signs and focuses on color-based traffic-sign 

detection and recognition using particle-swarm 

optimization. These references highlight the importance 

of color spaces in traffic-signal control and provide 

insights into the selection and utilization of different 

color spaces for tasks such as traffic-light recognition, 

vehicle detection and traffic-sign detection. By 

leveraging appropriate color spaces, traffic-signal 

control systems can improve object-detection accuracy, 

enhance traffic-state estimation and optimize signal-

control strategies effectively. 

 

Artificial Intelligence in Traffic-signal Control 

AI integration in traffic control brings adaptive 

traffic-signal control (Al-Nuaimi et al., 2019), 

intelligent traffic-pattern analysis (Guo et al., 2019), 

enhanced safety measures (Guo et al., 2019) and 

predictive traffic congestion (Ministry of Home Affairs, 

2020). AI algorithms analyze real-time data to 

dynamically adjust signal timings, predict congestion, 

optimize traffic flow and enable computer vision and 

machine learning to object detection and safety 

interventions. 
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Figure (5): Intelligent traffic-control system 

(Venkatesh, Perur & Shrivatsa. (2015) 

 

The ITMS, authorized by the Ministry of Home 

Affairs for Delhi Traffic Police, integrates radar-based 

monitoring and AI, using advanced technologies, like 

automated signal control and ANPR cameras. Real-time 

traffic analysis allows for prioritizing congested routes, 

optimizing signal timings and improving traffic flow 

(Ministry of Home Affairs, 2020). 

 

METHODOLOGY 

 

Data Collection 

1 Collecting traffic data: It is through using various 

sensors, such as loop detectors, cameras, or 

connected vehicles, to collect real-time data on 

traffic conditions, including vehicle counts, speeds 

and occupancy rates. 

2 Preprocessing data: It works through cleaning and 

preprocessing the collected data to remove outliers, 

normalise variables and aggregate information to the 

appropriate temporal and spatial resolutions. 

3 Labeling data: It wraps up annotating the data 

collected to label traffic states, such as congested, 

moderate, or free-flowing traffic, based on 

predefined criteria, guided by (Park and 

Koutsopoulos, 2018). 

 

Data Pre-processing 

Pre-processing data plays a critical role in traffic-

signal control systems, as it involves cleaning, 

transforming and organizing the data collected to ensure 

its quality and suitability for subsequent analysis and 

decision-making. Pre-processing techniques of effective 

data can enhance the accuracy and reliability of traffic-

signal control systems. Many studies provided insights 

into data pre-processing methods specifically applied in 

the context of traffic-signal control (Tian et al., 2020). 

This study focuses on pre-processing real-world traffic 

data regarding traffic-state estimation. It further 

explores techniques for cleaning data, detecting outliers, 

missing-value imputation and data aggregation to 

improve the accuracy and reliability of traffic-state 

estimation for traffic-signal control systems. 

 

Reinforcement Learning Algorithm 

Proximal Policy Optimization (PPO) is a policy-

optimization algorithm introduced by Schulman et al. 

(2017) that strikes a balance between sample efficiency 

and stability and has become applicable to learning 

adaptive signal-control policies. As introduced by 

Schulman et al. (2015), Trust Region Policy 

Optimization (TRPO) leverages trust region methods to 

ensure monotonic policy improvements, where it has 

been used in traffic-signal control to learn efficient and 

stable signal-control policies. In object detection for 

traffic-signal control, the Faster R-CNN model has 

proven effective through dataset preparation that 

collects and annotates diverse traffic scenes, including 

different scenarios, lighting, weather and densities. 
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Model training entails resizing, normalizing and 

augmenting images or videos, optimizing parameters 

through backpropagation and fine-tuning using transfer-

learning techniques. 

The Faster R-CNN model is then utilized for traffic-

object detection and recognition, aiding traffic-signal 

control decisions and overall system performance. As 

described by Rani (2021), selective search using 

hierarchical grouping serves as a foundation for object 

detection by generating locations at all scales and 

capturing essential information for traffic-signal control. 

Through integrating these approaches, traffic-signal 

control systems can achieve accurate and adaptive 

decision-making that enhances traffic flow, safety and 

efficiency in urban transportation. Data pre-processing 

ensures data quality and RL algorithms optimize control 

policies and object detection, by which recognition 

improves traffic-signal decision-making, resulting in 

more effective and reliable traffic-signal control 

systems. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (6): Algorithm 1 (Li et al., 2018) 

 

Integration of Reinforcement Learning and AI 

Algorithms 

Integrating reinforcement-learning algorithms like 

Q-learning, DQN or PPO into the simulation software 

optimizes traffic-signal control policies. Incorporating 

the Faster R-CNN algorithm for real-time tasks allows 

for detecting and recognizing the traffic objects, like 

vehicles, pedestrians and traffic lights. The 

implementation of colour space transformation 

techniques in the simulation software extracts relevant 

colour features from traffic scenes, improving object-

detection and-recognition accuracy, especially for 

traffic-light recognition and vehicle-type classification. 

Connecting the simulation software with IoT platforms 

and sensors collects real-time traffic data, enabling 

communication for data exchange and real-time 

decision-making. Defining performance metrics, such as 

traffic-flow efficiency and average travel time evaluates 

the integrated system's effectiveness. Assessing the 

impact of the proposed system on traffic-signal control 

and overall traffic-network performance needs to 

analyze simulation output data. The simulation provides 

insights and informs the implementation and 

deployment of the integrated system in real-world traffic 

scenarios (supported by relevant references). 

 

 

Figure (7): Block diagram of a faster regional 

convolutional neural network (R-CNN) 

(Kim & Cho, 2020) 

 

YOLO grid-based object detection divides the input 

image into cells to generate prediction vectors with 

object coordinates (Bx, By), width (Bw), height (Bh) 

and confidence scores. Handling multiple objects in a 

grid is based on the highest confidence score, where 

anchor boxes handle different object sizes and aspect 

ratios, aiding object-position estimation during training 

--------------------------------------------------------- 

Algorithm   1: Hierarchical Grouping Algorithm 

--------------------------------------------------------- 

Input: (colour) image 

Output: set of object location hypothesis L 

Obtain initial regions R= {r1,….,rn} using [13] 

Initialize similarity set S=0 

Foreach Neighbouring region  pair  (ri,rj) do 

Calculate similarity s(ri, rj) 

S = SUs(ri, rj) 

While S not equal 0 do 

Get highest similarity s(ri,rj) = max (S) 

Merge corresponding regions ri=riUrj 

Remove similarities regarding ri: S= S\ s(ri,ro) 

Remove similarities regarding ri: S= S\ s(ro,rj) 

Calculate similarity set Si between ri and its neighbors 

S= SUSt 

R= RUrt 

Extract object location boxes L from all regions in R. 

--------------------------------------------------------------  
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and inference. R-CNN involves region proposal, CNN 

feature computation and object classification through 

object-detection algorithms, like YOLO, R-CNN and 

Fast R-CNN, that have diverse real-world applications, 

enabling accurate object detection and classification. 

Fast R-CNN's region-based CNN approach allows 

simultaneous training on multiple tasks, leading to 

efficient object localization and recognition for various 

applications. 

 

 

Figure (8): A mathematical depiction of the output 

vectors with additional anchor boxes’ perimeter 

calculation (Woschank et al., 2020) 

 

The perimeter of an item by measuring its height and 

width needs to be calculated through the formula: 

perimeter = 2 * (height + width), to obtain the total 

perimeter of the item. Using anchor boxes to define prior 

knowledge about expected object shapes and sizes is 

compulsory for anticipated anchor boxes. Anchor boxes 

are pre-defined bounding boxes that help estimate object 

positions and sizes during training and inference. Figure 

9 shows the anticipated anchor boxes that assist in 

detecting objects of different sizes and aspect ratios. 

 

 

 

 

 

 

 

 

 

 

 

Figure (9): Anchor boxes’ prediction 

(http://Mathworks.com) 

 

YOLOv3 Model Training 

1. Split the dataset into training and validation sets, 

maintaining a proper balance. 

2. Pre-process the dataset by resizing, normalizing and 

augmenting the images to enhance training-data 

diversity. 

3. Train the YOLOv3 model using the training dataset 

and backpropagation with stochastic gradient 

descent. 

4. Fine-tune the model using transfer-learning 

techniques if pre-trained models on large-scale 

datasets are available. 

 

Traffic Network Simulation Configuration 

1. Select a suitable traffic-simulation software that 

supports the integration of YOLOv3 object 

detection. 

2. Configure the simulation software to replicate real-

world traffic conditions, including road-network 

layout, traffic-flow patterns and signal timings. 

3. Integrate YOLOv3 into the simulation software for 

real-time object detection on traffic images or video 

frames. 

 

Simulated Robot Environment: The process needs 

to create a simulated robot environment with a track line 

and basic traffic markings for real-world driving 

scenarios and deploy a trained YOLOv3 algorithm in the 

simulated environment for real-time traffic-sign and 

-light detection. The controlled setting allows testing 

and validation under various visual disturbances and 

lighting conditions. A comprehensive dataset must be 

collected with actual-sized traffic signs, changing 

viewpoints, random backdrops, lighting variations and 

multiple perspectives to enhance algorithm robustness. 

The diverse dataset enables accurate detection and 

interpretation of traffic signs in different real-world 

scenarios. This approach ensures the algorithm's 

readiness for handling autonomous driving challenges 

and optimizes the robot's speed based on detected speed- 

limit signs. 

 

 

http://mathworks.com/


Reinforcement Learning in…                                                                                                                Eslam Al-Kharabsheh 
 

- 716 - 

 

Figure (10): Capturing the signs together in one 

photo and separately (Woschank et al., 2020) 

 

Image Labelling 

After collecting the photographs, the next step is to 

annotate each image manually to provide labels and 

locations for the concerning objects, where the 

annotation process can be facilitated using the graphical 

image-annotation tool called "Tagging". Using this tool 

requires the training directory to be navigated and the 

"make Rectbox" button must be selected. Then, a 

rectangle must be drawn around the components of the 

image that need to be labeled. The dimension of the 

image and the X and Y coordinates of the labeled objects 

are recorded in an XML file. Before training the model, 

it is important to create two text files: CLASSES.txt and 

CLASSES annotation.txt, to define the different classes 

of objects, such as "green traffic light" and "100 mph 

speed limit", where they contain the coordinates of the 

objects' centres and edges. While CLASSES 

annotation.txt merges the information from each XML 

file into a single text file, the class names are listed in 

CLASSES.txt. The model-training process is now 

complete. YOLOv3 is a one-shot learner, which means 

that it only requires a single instance of each image for 

prediction. An NVidia GTX 1070 GPU with 8 GB of 

RAM is recommended for efficient model training due 

to YOLOv3's effective utilization of CUDA cores. It is 

important to ensure that there are no spaces between 

folder names by replacing any spaces with underscores 

before starting the training process, which may take 

around ten hours, by which the trained weights are 

generated for later evaluation. A computer-connected 

camera can capture real-time traffic-signal images to test 

the model; however, the frame rate (FPS) achieved, 

typically around 13-14 fps, may not be ideal for the 

model. It is worth noting that the long-range object 

recognition of the system may not always be perfect, as 

shown in Figure 11. Nevertheless, the model performs 

well overall, particularly in dim lighting conditions. 

 

 

Figure (11): Display prediction for the traffic light 

at night (Woschank et al., 2020) 

 

Detection and Recognition Service Model for Traffic 

Signs on Roads 

The model consists of two main components: 

location and recognition (Afrin and Yodo, 2020). 

Rectangular boxes are drawn around areas where traffic 

signs are expected to be located (Mandke et al., 2021). 

The model uses convolutional neural networks for 

efficient traffic-sign identification. Two networks were 

established, with six stages in the first network (Ren et 

al., 2017). Inputs are passed through the neural network 

and the output indicates whether a rectangle represents 

a traffic sign or a background. 

 

 

Figure (12): A graph of data flow in our neural 

network (Ren et al., 2017) 

 

In the neural network architecture used to detect and 

identify street signs, the first output represents the 
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presence of a traffic road sign, while the second output 

indicates the absence of a sign. The window is 

considered to contain a sign if the first output has a more 

significant value and the second output has a larger 

value; the window is deemed not to include a sign. As 

for training the multilayer perceptron, the Adam 

optimizer is employed. Similar network architecture is 

utilized for traffic-sign classification, with ten outputs 

representing each symbol category instead of just two. 

During the detection stage, sliding windows of sizes 

32x32, 64x64 and 128x128 are used. The neural 

network receives 32x32 scaled versions of each window 

as input. Overlapping bounding boxes are employed to 

determine the final sign area that needs at least 20 

overlapping boxes to consider an area as a sign. 

 

 

 

Figure (13): Comparison of execution times of popular 

neural networks and our network 

(Ren et al., 2017) 

 

Figure (14): The time required for popular neural 

networks to complete their tasks compared to our 

network (Ren et al., 2017) 

 

 

Our models generate multiple red rectangles, as 

depicted in Figure 14, in which each rectangle represents 

a potential region of interest (RoI) containing a traffic 

sign. These rectangles are then clustered together based 

on their proximity and a cluster containing more 

rectangles than a pre-defined threshold is annotated as a 

traffic sign, reducing such errors. 

 

Using Python Code for FasterRCNN: The Fast R-

CNN algorithm has undergone improvements and 

evolved into the Faster R-CNN algorithm. Rather than 

relying on a selective search, Faster R-CNN utilizes the 

"Region Proposal Network" (RPN) to generate Regions 

of Interest (RoIs). These ROIs are then processed to 

identify object concepts, with each concept assigned a 

score based on its likelihood. 

The typical steps involved in the Faster R-CNN 

algorithm are as follows: 

1. The input image is fed into a Convolutional Neural 

Network (ConvNet), which generates feature maps. 

2. The region proposal network is applied to these 

feature maps, generating object suggestions along 

with their associated scores. 

3. A roI pooling layer is utilized to resize the 

recommendations to a uniform size. 

4. The resized roIs are further processed by a 

classification network, such as a fully connected 

layer or Softmax classifier, to classify the objects 

within the RoIs. 

5. These techniques are commonly implemented in 

Python using classification strategies. They enable 

the Faster R-CNN algorithm to identify objects in 

images and provide accurate classification results 

efficiently. 

6. Please note that the specific implementation details 

may vary and the mentioned steps provide a general 

overview of the Faster R-CNN algorithm. 
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Figure (15): The image's subpar lighting has to be 

considered as an example of a photo's highlighted 

features being fed into a classification system 

(Ren et al., 2015) 

 

Figure (16): The image has good perspective and 

lighting, but this is on the image's periphery (Ren et 

al., 2015) 

 

 

Table 1. The algorithm of traffic-signal detection compared to previous studies 

Reference Survey Year Theme Remarks 

Faster RCNN 

Algorithm: Current 

Issues and Prospects 

(Ours) 

2023 

An enhanced variant of the Fast RCNN 

algorithm is also known as the Faster RCNN 

algorithm. The "Region Proposal Network" 

(RPN) is used by RCNN instead of a filtered 

search to produce Regions of Interest. RPN 

processes input feature maps from images 

and the result is a set of object conceptions, 

where each one is assigned an abjectness 

score. The image is fed into ConvNet, which 

generates the feature map, as it is customary 

with Faster RCNN. 

-The free, graphical image annotation tool 

"Tagging" was used to label images. 

-Select the "make Rectbox" button in the 

training directory, draw a rectangle 

around the image's components and then 

label them using the tool. 

- Faster R-CNN is a CNN network target 

detection method that first employs a 

series of fundamental convolutional + relu 

+ pooling layers to extract feature maps of 

images for training datasets. 

"Deep learning for 

large-scale traffic-

sign detection and 

recognition". 

D. Tabernik & D. 

Skocaj 

2020 

Examining large-scale traffic-sign 

identification datasets and developing a 

deep-learning-based solution. 

-Researching large-scale datasets with a 

significant number of traffic-sign types 

-Made various recommendations for 

improvements 

"The Rise of Radar 

for Autonomous 

Vehicles: Signal 

Processing Solutions 

and Future Research 

Directions" 

I. Bilik et al. 

2019 
Emphasizing the detection and management 

of radar signals. 

-Reviewing the status quo of AD signal 

processing techniques 

-Signal processing is discussed in the 

context of real-world highway scenarios, 

as well as potential avenues for future 

study. 

"A Survey on 3D 

Object-detection 

Methods for Self-

driving Cars" 

2019 
Recognition of objects and avoidance of 

collisions through analysis of depth data. 

-I've read up on every facet of AD's 3D 

object detection system. 

-The difference between 2D and 3D object 

detection in AD is compared in depth. 
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E. Arnold et al. 

"Networking and 

Communication in 

Autonomous 

Driving: A Survey" 

J. Wang et al. 

2019 

Autonomous vehicles: Localization 

techniques for navigating between and 

within vehicles. 

-Explaining the most crucial parts of AD's 

wired and wireless networking systems. 

-Spotlighting developments in AD's 

communication technologies 

-Active Directory (AD) networking is the 

main focus. 

"Driving-style 

Recognition for 

Intelligent Vehicle 

Control and 

Advanced Driver 

Assistance: 

A Survey" 

Martinez et al. 

2018 
Identification and characterization of AD-

related driving patterns. 

-Two neural network-based methods 

replace the majority of old methodologies. 

-No unique difficulties or suggestions are 

made, but proper guidance is given while 

outlining uses for intelligent vehicles. 

 

CONCLUSIONS 

 

In conclusion, integrating reinforcement learning, 

the Faster R-CNN algorithm, colour spaces, artificial 

intelligence (AI) and IoT platforms in urban network 

traffic-signal control can revolutionize traffic 

management. When these technologies are combined, 

intelligent systems are created to optimize traffic-signal 

control in real time, which improves traffic flow, 

reduces congestion and enhances safety. Reinforcement 

learning enables the system to learn and adapt its actions 

based on real-time traffic data and make intelligent 

decisions to maximize long-term rewards. Since the 

Faster R-CNN algorithm and colour spaces enhance 

object-detection accuracy, the system becomes 

accurately capable of recognizing various objects, such 

as vehicles, pedestrians and traffic signs. Integrating AI 

and IoT platforms allows for processing real-time data, 

adjusting dynamic signal timing and monitoring 

efficient traffic. The potential benefits include reducing 

travel times, improving fuel efficiency, minimizing 

emissions and enhancing overall traffic management. 

However, challenges remain, including complexity, 

scalability, the need for extensive training data for RL 

algorithms and the generalization of RL policies across 

different urban areas. Addressing these issues requires 

further research and development through focusing on 

advanced algorithms, transferring learning, integrating 

real-time data and optimizing multi-objectives. 

Cooperative control approaches that facilitate 

communication between traffic signals and vehicles can 

lead to more coordinated traffic flow. By continuing to 

explore and improve these integrated solutions, we can 

create intelligent traffic-signal control systems that 

adapt to the ever-changing urban traffic environment 

and contribute to developing smart cities with efficient 

and sustainable transportation systems. 
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